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Abstract Urban road networks are typical complex systems, which are cru-
cial to our society and economy. In this study, topological characteristics of
a number of urban road networks based on purely physical roads rather than
routes of vehicles or buses are investigated in order to discover underlying
unique structural features, particularly compared to other types of transport
networks. Based on these topological indices, correlations between topological
indices and small-worldness of urban road networks are also explored. The
finding shows that there is no significant small-worldness for urban road net-
works, which is apparently different from other transport networks. Following
this, community detection of urban road networks is conducted. The results
reveal that communities and hierarchy of urban road networks tend to follow
a general nature rule.
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1 Introduction
Urban road networks (URNs) are vital in underpinning our society and econ-
omy (Neal 2018). Particularly, nowadays with the growing popularity of tech-
nologies related to smart city and cooperative vehicle infrastructure systems
(CVIS), physical roads and its constituent URNs actually carrying most of ur-
ban traffics is increasingly receiving attention (Marshall and Gil et al. 2018).
Meanwhile, URNs can be described as typical complex networked systems
(Goh and Choi et al. 2016), as there are large numbers of spatial components
with complex structures and interactions between different components. Since
Watts et al. (1998) and Barabasi et al. (1999) proposed “small world” net-
works and scale-free networks respectively, complex network theory has been
considered as a good tool to observe and analyse topological and structural
features of networked systems (Ducruet and Beauguitte 2014).
In fact, complex network theory has been applied to the study of various
transport networks, such as public transport (Bo´ta and Gardner 2017), air
transport (Zhang and Derudder 2016, Lozano and Gutie´rrez 2011), railway
transport and marine transport (Tsiotas and Polyzos 2015), etc. Sienkiewicz
and Holyst (2005) explored the public transport network (PTN) systems of
22 cities in Poland. Topological characteristics of these cities, such as degree
and degree distribution, average path length and cluster coefficients, tend to
follow power-law distribution and exponential distribution, and these PTNs
also match features of small-world networks. Following this, Xu and Hu et al.
(2007) investigated the topological properties of three bus-transport networks
in Beijing, Shanghai and Nanjing. The degree distribution in the three cities
shows power laws in space L (nodes refer to stations, and links denote that
at least one route exists between two consecutive stations), while in space P
(nodes denote stations while links exist when two stations are shared by at
least one route) that the cumulative degree distribution follows an exponen-
tial distribution. Similarly, Von Ferber and Holovatch et al. (2009) explored
the public transport networks (PTN) in 14 cities, and the results show that
these PTNs have high clustering coefficients and relatively low average shortest
paths, which are typical small-world characteristics. A directed and weighted
bus transport network in Beijing also suggests that this bus network is a
small-world network(Zheng and Chen et al. 2012). In order to examine the
relationship between city size and network centrality, Derrible (2012) investi-
gated betweenness centrality of 28 metro systems across the world. Dimitrov
and Ceder (2016) examined the structure and topological characteristics of
the bus network in Auckland, New Zealand based on the bus routes. Sun and
Huang et al. (2018) analysed topological characteristics of Beijing rail tran-
sit network (BRTN), and vulnerable stations and cascading failures of BRTN
were studied under different intentional attacks based on degree, betweenness
and strength indices.
In addition to public transport networks, statistical characteristics of air
networks(Guimera and Amaral 2004, Guimera and Mossa et al. 2005, Guida
and Maria 2007), railway networks(Li and Cai 2007, Guo and Cai 2008) and
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cargo ship networks(Hu and Zhu 2009, Kaluza and Kolzsch et al. 2010) have
also been explored based on complex network theory. Although complex net-
work theory has been frequently used to study many types of transport net-
works, complex network research related to urban road networks (URNs) con-
sisting of road segments and junctions, which directly carry most of urban
traffics, is very limited. Existing studies either investigated certain city road
networks in dual representation (nodes refer to the set of edges sharing com-
mon attributes) so as to observe the growth of the city or model the congestion
(Masucci and Stanilov et al. 2014, Zhan and Ukkusuri 2017), or focused on
the robustness and response of road networks under different attack strategies
(Duan and Lu 2014, Bellingeri and Bevacqua et al. 2018). However, several
questions related to URNs are still unclear: for instance, compared with other
transport networks, what are the common statistical characteristics of URNs in
different countries? How are the small worldness and underlying relationships
between the statistical characteristics? How are the community and hierarchy
features of URNs and what kind of rules they may follow, etc. To answer these
questions, this paper investigates the topological characteristics of urban road
networks from a number of cities in Europe and North America in order to ex-
plore substantial structure features of these networks. In addition, small-world
analysis and community detection are also conducted.
The rest of this paper is organised as follows. Section 2 introduces the
widely-used topological indices in the field of network science. Section 3 presents
the statistical analysis of the urban road networks, and the small-world anal-
ysis is also conducted. Following this, correlation analysis between some topo-
logical indices is investigated in section 4. Section 5 explores community de-
tections of the urban road networks, and finally we draw conclusions in section
6.
2 Background and database
In this paper, complex network theory is employed to explore topological char-
acteristics of urban road networks (URNs), as it is a good tool to study very
complex systems. Data associated with the URNs used in this study are ob-
tained from a website, which is frequently used for transportation problems.
Unlike typical Space L and Space P representations (Von Ferber and Holo-
vatch et al. 2007), the nodes of an urban road network refer to the intersections
of urban streets or roads, while the links represent the streets or road segments
connecting nodes. Urban road networks can be divided into weighted or un-
weighted based on whether links are labelled with a weight, which can be the
length of links or traffic flow on such links and so on. The weight of links
depends on the purpose of research.
The URNs used in this paper mainly represent cities in Europe and North
America, due to the fact that the limited scope of data sources. Specifically,
these URNs are Austin, Chicago, Philadelphia, Anaheim, Winnipeg, Central
Berlin, Barcelona, Terrassa and Hessen, and the size of the URNs varies, rang-
4 Wen-Long Shang 1, Huibo Bi *,1, Yanyan Chen 1, Washington Ochieng 2
ing from 416 nodes to 13389 nodes. Such information including the number of
links is presented in Table 1.
Table 1 Urban road networks with different scales
City Nodes Links Locations
Austin 7388 18961 America
Chicago 12982 39018 America
Philadelphia 13389 40003 America
Anaheim 416 914 America
Winnipeg 1052 2836 America
Berlin 12981 28376 Europe
Barcelona 1020 2522 Europe
Terrassa 1609 3264 Europe
Hessen 4660 6674 Europe
Table 2 summarises six topological indices used in this paper: Degree, Clus-
tering Coefficient, Average Path Length, Closeness Centrality, Betweenness
Centrality and Efficiency. We use these indices to analyse topological proper-
ties of URNs.
3 Statistical analysis of the urban road networks
Due to the fact that the complexity of urban road networks is partially arising
from the topological characteristics and underlying structure features, thus
statistical analysis plays a vital role in understanding such complexity and
explore substantial mechanisms of urban road networks.
According to the background provided in Section 2, topological indices of
these URNs are calculated in order to explore topological characteristics, and
discover the underlying properties of the urban road networks (URNs) under
consideration.
3.1 Degree centrality
Degree is a seemingly simple yet very important index, since it reflects the
node’s connectivity and its importance in its vicinity. Therefore, this index
is used to measure the local centrality of the networks. The degree centrality
k of a node i in an undirected network (i.e. the links are undirecitonal) is
the number of links connecting to this node (Barabasi and Albert 1999). In
realistic URNs, each intersection of streets/roads is regarded as a node, while
the link represents the street/ road segments between the nodes. Here nine
URNs used in this study are directional, therefore, the degree is divided into
indegree (the number of links leading to a given node) and outdegree (the
number of links leading away from a given node). The average indegree and
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Table 2 Six indices used for analysing urban road networks
Indices Equations Interpretation
Degree ki =
∑
j
αij
where αij is the connection be-
tween node i and node j; if
i and j are connected αij is
1 otherwise it is 0. The de-
gree of a network is the average
of the degree of all its nodes.
The degree distribution of the
network P (k) is a ratio of the
number of nodes with degree k
to the number of all nodes and
depicts the connective mecha-
nism of networks.
Clustering Coefficient CCi =
EEi
ki(ki−1)/2
where EEi is the actual num-
ber of edges between the neigh-
bours of node i (nodes con-
nected with node i are called
its neighbours); ki is the num-
ber of the neighbours of node
i (Watts and Strogats 1998).
In social networks, this index
tends to measure how close the
friends of a given individual
are.
Average Path Length APL = 1
n(n−1)/2
∑
i>j
Dij
where Dij is the length of the
shortest path between i and j.
For un-weighted networks (i.e.
every link has equal length of
1), Dij is the number of links
of the shortest path between
i and j; while for weighted
networks, assuming that the
weight is simply physical dis-
tance, Dij is physical distance
of shortest path from node i to
j.
Closeness centrality Ci =
n−1∑
vj∈V,i 6=j
Dij
where V is the set of nodes,
V = {vj : j = 1, 2, · · · , n},
term n is the number of nodes.
Betweenness centrality BCi =
∑
j,Z∈V
NSjZ(i)
NSjZ
where NSjZ(i) is the num-
ber of shortest paths passing
through the node i, and NSjZ
is the total number of short-
est paths between any pair of
nodes. Weighted Betweenness
centrality takes actual distance
of the link as edge weight.
Efficiency Eff (G) =
1
n(n−1)
∑
i6=j∈G
1
Dij
This index was first proposed
by (Crucitti and Latora et al.
2003) to explore the global ef-
ficiency of complex networks
and looks very similar to APL;
In this study, actual distance is
assigned to the weight of a link.
The greater Eff , the better ef-
ficiency.
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outdegree of nine URNs have been summarised in Table 4, and the degree
distributions of nine URNs are illustrated in Fig. 1.
Fig. 1 Indegree and Outdegree of urban road networks.
In Fig. 1, the y-axis represents logarithm of the cumulative probability
P (K ≥ k), which is the probability that a randomly chosen URN node has
indegree/outdegree equal to or larger than k. This section can observe that the
range of indegree and outdegree for nine URNs are limited regardless of the
size of the networks. For example, although the Philadelphia road network has
13389 nodes and 40003 links, the maximum indegree and outdegree are both
4. Among the nine URNs, Barcelona and Hessen have, respectively, the largest
and second largest ranges of degree, despite their smaller sizes. The slope of
the fitted curve in Fig. 1 depicts the speed of descent of the indegree and
outdegree distribution curves, which reflects whether the majority of nodes of
URNs are less connected.
Unlike the rest of the URNs, the indegree/outdegree of Barcelona has sig-
nificant portions that are larger than 9, and the curves for Barcelona consist
of two segments: the first one decreasing quickly while the second decreases
slowly. Fig. 1 shows that most of nodes in these nine URNs are connected
through a few nodes, and that the distributions of indegree and outdegree
are qualitatively similar, which suggests that most of street/road segments in
these nine URNs are bidirectional.
The second and the third columns in Table 3 show that most of the in-
degree and outdegree distributions fit the power law well. This result is con-
sistent with previous work relating to public transport networks(Sienkiewicz
and Holyst 2005, Von Ferber and Holovatch et al. 2009), worldwide maritime
transportation networks represented in space L (Hu and Zhu 2009) and the
Chinese bus-transport network(Xu and Hu et al. 2007). It is worth noting
that the indegree/outdegree distributions of some URNs also follow other dis-
tributions very well, for example, Anaheim, Berlin and Austin can also obey
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Table 3 Summary of regression on six indices for nine URNs.
Indices
Indegree
distribution
Outdegree
Distribution
Weighted Closeness
Distribution
Weighted Betweenness
distribution
City
Parameters Function
Power law
P (kin ≥ x) ∝ x−α
Power law
P (kout ≥ x) ∝ x−β
Exponential
P (WC ≥ x) ∝ eγx
Power law
P (BC ≥ x) ∝ x−λ
α R2 β R2 γ R2 λ R2
Austin 2.549 0.99 2.55 0.99 -135.1 0.88 0.6563 0.98
Chicago 3.253 0.99 3.254 0.99 -262 0.92 0.6195 0.99
Philadelphia 6.981 0.99 7.002 0.99 -118.9 0.88 0.5901 0.99
Anaheim 2.315 0.99 2.321 0.99 -167300 0.99 0.7496 0.99
Winnipeg 4.559 0.99 4.539 0.99 -48.93 0.90 0.7811 0.98
Berlin 2.879 0.97 2.87 0.97 -72080 0.96 0.4645 0.99
Barcelona*
2.037 0.98 2.471 0.99 -34.03 0.95 0.7355 0.99
0.2197 0.89 0.2193 0.91
Terrassa 2.002 0.98 1.776 0.98 -20.27 0.99 0.7356 0.99
Hessen 0.9974 0.99 0.9998 0.99 -112.7 0.99 0.7174 0.98
The symbol “*” refers to that the indegree and outdegree distributions of Barcelona
follow a two-regime power law.
Gaussian distribution: P (k ≥ x) ∝ e−(
x−b1
c1
)2 , and the goodness of for indegree
is 0.98, 0.95 and 0.96 respectively. Even so it is still enough to illustrate the
decaying tendency of indegree/outdegree. In addition, the distributions of in-
degree and outdegree for these URNs show similarity, and this confirms that
most of the links within the nine URNs are once again bidirectional. All node
degree distributions are shown to follow the power law well: P (k ≥ x) ∝ x−µ
except that Barcelona follows a two-regime power law, and µ is the slope of the
fitted curve (in the logarithmic coordinates) which depicts the speed of descent
of the indegree and outdegree distribution curves. A distribution curve with
a steep slope suggests that the majority of nodes have smaller values of inde-
gree/outdegree given that it is in the logarithmic coordinates; in other words,
the URN overall is less well connected. Philadelphia, with the steepest slope
among the nine URNs is overall less well connected than the other URNs.
3.2 Clustering Coefficient
The clustering coefficient (CC) is used to measure the local compactness of a
network, and presents the clustering effect and local features of the network.
A larger CC of a given node means the neighbours of the node are more likely
to attract each other so that the local area of the network is more compact.
According to the definition of CC in Table 2, the CC for all URNs is calculated.
Fig. 2 presents the log cumulative distribution P (CC ≥ x) of CC.
As can be seen from Fig. 2, the distribution for Hessen has the steepest
absolute slope, which means the road network of Hessen is the loosest com-
pared to other eight cities due to the fact that most of its nodes have smaller
values of CC, followed by Winnipeg and Philadelphia. The URN of Terrassa is
looser than Barcelona, Chicago, Berlin and Austin, and the nodes of Anaheim
tend to attract each other within the local range more than the other urban
road networks in this study. The average CC for the nine URNs has been
summarised in Table 4, which is normalized by the number of nodes, and also
proves the viewpoint observed from Fig. 2. The average CC of these URNs is
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Fig. 2 Clustering coefficient of URNs.
smaller compared to the Chinese airport network (Li and Cai 2004), the Italian
airport network (Guida and Maria 2007), the world-wide air transportation
network (Guimera and Mossa et al. 2005) and the Boston subway network
(Latora and Marchiorib 2002), possibly because the neighbouring nodes of a
given node in the URNs are less likely to be connected to each other. This
index is also able to be used to judge whether the network has small-world
properties (Watts and Strogats 1998), and it will be depicted in detail later.
3.3 Weighted Closeness Centrality (WCC)
As previously introduced in Table 2, closeness centrality (Sabidussi 1966) of a
node i is the inverse of the sum of the shortest path distance from node i to
other nodes, and it measures the accessibility of networks. In this study, the
actual distances of links are taken as the link weights. According to function in
Table 2, the WCC for nine URNs are calculated. The cumulative distributions
of WCC for these nine URNs are presented in Fig. 3 in a logarithmic scale.
Given the differences in the size of these URNs, weighted closeness centrality
is also normalized.
As can be seen from Fig. 3, all nodes of Anaheim and Berlin have relatively
smaller WCC, which demonstrates that these two URNs are less accessible
from a given node to other nodes, while Terrassa, Barcelona and Winnipeg
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Fig. 3 Weighted closeness centrality of URNs.
have relatively large WCC. This conclusion is consistent with the result based
on the average weighted closeness shown in Table 4.
The WCC distribution is fitted for the nine URNs, as presented in Table
3.
As observed from the fourth column in Table 3, most URNs follow an
exponential distribution, i.e. P (WC ≥ x) ∝ eγx, yet Austin, Philadelphia and
Winnipeg do not fit this exponential distribution as well as other networks.
From this distribution, it can see that Anaheim and Berlin have the largest γ
parameter values, which suggests that most of the nodes in these two URNs
have smaller WCC, followed by Chicago, Austin, Philadelphia and Hessen,
and Terrassa and Barcelona have a smaller α value. This is consistent with
what Fig. 3 describes.
The average closeness centrality for nine URNs is summarised in Table 4.
The nodes with the largest WCC are generally thought as being located in
the geographic centre of the city, since these nodes are easier to access than
other nodes.
3.4 Weighted Betweenness Centrality (WBC)
Betweenness is a very important topological index in that it indicates that
how frequently a given node is passed through by the shortest paths between
all node pairs. In this study, the length of links is used as the edge weight, and
WBC is calculated according to the function in Table 2. The log cumulative
distribution of WBC for the nine URNs is presented in Fig. 4. To mitigate
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Table 4 Indices of nine urban road networks
City
Average
Indegree
Average
Outdegree
Average
Betweenness
Closeness
Clustering
coefficient
APL Diameter Efficiency
Austin 2.5658 2.5658 0.0099 0.0393 0.0010 48.58 118 0.0284
Chicago 3.0062 3.0062 0.0053 0.0273 0.0017 44.71 111 0.0297
Philadelphia 2.9878 2.9878 0.0059 0.0446 0.0007 43.17 98 0.0290
Anaheim 2.1971 2.1971 0.0316 0.00003 0.0157 11.87 31 0.1098
Winnipeg 2.7269 2.7269 0.0253 0.0897 0.0007 18.85 40 0.069
Berlin 2.1855 2.1855 0.0075 0.0001 0.0017 50.09 116 0.0242
Barcelona 2.7118 2.7118 0.0203 0.1853 0.0009 14.00 31 0.0765
Terrassa 2.0362 2.0362 0.0181 0.3441 0.0009 25.09 64 0.0533
Hessen 1.4322 1.4322 0.0160 0.0516 0.0003 45.60 137 0.0282
the effect of the size of different networks to betweenness, the weighted be-
tweenness is normalized by dividing n(n − 1), where n is the node number
of the network. Fig. 4 exhibits that most of the nodes for the nine URNs
have small WBC, and among all URNs, by intuition, Chicago overall shows
the fastest decaying behaviour, followed by Philadelphia, and Austin; while
Anaheim presents a relatively flat decaying tendency, followed by Winnipeg
and Barcelona. As discussed, the larger betweenness centrality of a given node
means the node is more important due to the fact that more of the shortest
paths in the URN pass through this node. According to Sun, Wandelt et al.
(2014), a network is less robust if the proportion of nodes with large between-
ness centrality is higher. The slopes of the curves in Fig. 4 show this proportion
statistically, in other words, the steeper the slope is the more robust the URN
is.
Fig. 4 Weighted betweenness centrality of nine URNs.
The log cumulative distribution of WBC can be also fitted by a power law
function: P (BC ≥ x) ∝ x−λ, and the results for this are summarised in Table
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3. In this case, normalised BC ∈ (0, 1), thus the larger λ the slower the rate
of decays.
Comparing all λ, Berlin exhibits the quickest decaying characteristic of
WBC distribution, followed by Philadelphia, Chicago and Austin, which is
against the intuitive observation. The reason could be that the distributions
tend to overestimate or underestimate the decaying tendency of the curves
in this case. The average weighted betweenness centrality (AWBC) of these
URNs, however, which are presented in Table 4 show that Chicago has the
smallest value, followed by Philadelphia, Berlin and Austin, and that Ana-
heim has the largest value, followed by Winnipeg and Barcelona. Statistically,
the lower the AWBC the network has the more robust the network is (Sun,
Wandelt et al. 2014). The conclusion related to the robustness of these net-
works based on AWBC is therefore roughly consistent with that of observations
from Fig. 4.
WBC depicts how a given node of the network is passed by the short-
est paths, and this information may be used for the allocation of important
resources. Hence this index is sometimes used to assess the robustness and
vulnerability of the network (Sun, Wandelt et al. 2014).
3.5 Average path length (APL), diameter and efficiency
APL, also called the characteristic path length, can be employed to quan-
tify the structural characteristics of networks (Watts and Strogats 1998). The
diameter (SD) of the network is the maximum Dij for all node pairs. The
APL and the SD are usually used to measure the efficiency and transport
performance of the network. Here APL can be categorized as weighted and
un-weighted. The weighted APL tends to measure the distance travelled from
a given node to another node, while the un-weighted APL assesses how many
links need to be traversed from a given node to another. Both are able to
assess the degree of accessibility of the URN. This thesis analyses un-weighted
APL to explore the structure of these URNs since there are no units for the
distance data for the nine urban road networks, which means that compar-
isons of APL between different URNs are meaningless. Furthermore, geodesic
distance, namely, the number of links connecting a node pair is more focused
in this study because of the homogenous characteristics of the physical links
of each individual network. Accordingly, the APL and the diameter for the
nine URNs have been summarised in Table 4. Anaheim has the smallest APL,
which means the nodes of this network can be more efficiently connected by
paths. This is followed Barcelona and Winnipeg, while the three networks with
the largest APL are Austin, Hessen and Berlin. The diameter and the APL
of the nine URNs are strongly correlated with the coefficient 0.9714 according
to a Pearson correlation. In some cases, APL and the diameter of networks
are used to assess network performance (Albert, Jeong et al. 2000, Crucitti,
Latora et al. 2003), Crucitti and Latora et al. 2004). The correlations between
the size of networks, APL and diameter are shown in Fig. 5.
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Fig. 5 Correlations between APL, Diameters and the size of nine URNs
As can be seen from Fig. 5, the Pearson correlations between APL, di-
ameters and the size of networks are 0.8358 and 0.7223 respectively. This
demonstrates that these two indices are positively proportional to the number
of nodes to some extent.
In this study, APL is calculated based on the function in Table 2. If a
network suffers from severe destruction, which may be generated by internal
or external disruptions, so that the network is disconnected, an extremely
large value is assigned to the disconnected links for the calculation of APL.
While this approach has no effect on the ranking of link importance, and
comparisons the absolute value of APL does not make sense. In order to
better measure the performance of unconnected networks (Crucitti, Latora et
al. 2003), an efficiency measure based on the inverse of the shortest path length
is proposed in order to better observe the variations in the efficiency of different
networks. According to the efficiency function presented in Table 2, the results
of efficiency for the nine URNs are calculated and also summarised in Table 4.
As can be seen, the results are consistent with the APL; for example, Anaheim
has the smallest APL (11.87) and, correspondently, its efficiency measure is
the largest among all nine URNs, while Berlin has the largest APL (50.09)
and the smallest efficiency. In general, efficiency is able to be used to measure
the performance of networks when suffering from disturbances.
3.6 Small-worldness of urban road networks
Small-world effect was first mentioned by Karkubthy (1929) and mathemati-
cally presented by Pool and Kochen (1978). The famous experiment related to
small-worldness, “six degrees of separation”, was conducted by Stanley Mil-
gram in the 1960s (Milgram 1967). Watts and Strogats (1998) constructed
networks which lie between regular and random networks, and named these
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“small-world” networks by analogy with Milgram’s experiment. Small-world
networks have APL as small as APLrandom yet CC  CCrandom compared
to random networks with the same number of nodes and edges, and a general
feature of many complex networks is their small-world property (Watts and
Strogats 1998), meaning that two nodes in the network can be connected with
shorter paths. Following this, Newman (2003) claimed that the value of the
average shortest path for small world networks scales logarithmically or less
with network size for a fixed mean degree. In order to explore whether these
URNs have significant small-world properties, random networks which have
the same number of nodes and the same average degree as these networks
are generated using the Pajek software so as to calculate their average path
length (APL) and clustering coefficient (CC). The comparisons between the
generated random networks and the corresponding urban road networks are
shown in Table 5:
Table 5 APL and CC comparisons between nine URNs and corresponding random networks
of the same size.
City APL CC APLrandom CCrandom Ln(N)
Austin 48.58 0.0010 9.2 0.0002 8.8940
Chicago 44.71 0.0017 8.6 0.0002 9.4713
Philadelphia 43.17 0.0007 8.6 0.0002 9.5022
Anaheim 11.87 0.0157 7.3 0.0032 6.0307
Winnipeg 18.85 0.0007 6.9 0.0018 6.9584
Berlin 50.09 0.0017 12 0.0001 9.4712
Barcelona 14.00 0.0008 7.4 0.0013 6.9276
Terrassa 25.09 0.0009 9.3 0.0007 7.3834
Hessen 45.60 0.0003 18.9 0.0003 8.4468
As can be seen from Table 5, the APL of the nine real-life urban road net-
works (URNs) are much larger than those of the random networks with the
same size. Although the APL of Anaheim is the closest to that of the corre-
sponding random network, it still takes 4.5 more. In the meantime, most of the
CCs for these nine URNs are larger than that for the corresponding random
networks, but they are still in the same magnitude-level, except for Berlin. The
CCs of the URNs for Berlin and Winnipeg, meanwhile, are smaller than those
for the corresponding random networks. In addition, the last column shows
that APL does not scale logarithmically with network size, Ln(N), where N
is the number of nodes. The above observations show that the small-world
property is not significant among these nine URNs. In many studies of realis-
tic networks, however, such as metabolic networks (Guimera and Sales-Pardo
et al. 2007), the Chinese airport (Li and Cai 2004), the Italian airport network
(Guida and Maria 2007), the world-wide air transportation network (Guimera
and Mossa et al. 2005), the Boston subway network (Latora and Marchiorib
2002), the worldwide maritime transportation network (Hu and Zhu 2009) and
public transport networks (Sienkiewicz and Ho lyst 2005) small-world proper-
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ties are evident. This may be due to the fact that these URNs are spatial and
that all links are directional, which may increase the average geodesic distance
between any node pairs and reduce the clustering effect in any given local area.
This finding shows that these URNs are different from other networked trans-
port systems in the real world, and this may imply more profound impacts of
other characteristics of these networks.
4 Correlation analysis
Many topological indices for the nine selected URNs have been calculated and
analysed in Section 3. Based on this, a correlation between these topological
indices can be conducted in order to explore the relationship between the
topological indices and the underlying structural properties of these URNs. In
addition, many interesting intuitive questions in the field of network science
can be answered by correlation analyses of topological indices, for example,
whether the most connected nodes are most central ones or those that are
most compact at the local level (Guimera and Mossa et al. 2005).
4.1 Degree-betweenness correlation
The nodes with large degree are most connected, and the nodes with large be-
tweenness are most central in the network. Nodes with large/small betweenness
and small/large degree are regarded as anomalies (Guimera and Mossa et al.
2005). In fact, it is easy to design networks in which nodes have large between-
ness and small degree. For example, if there are two communities connected by
a single node with just two links, the node must have large betweenness due
to the fact that it is frequently passed by routes which are going to one com-
munity from the other. This node plays an important role in such a network
system. In order to check whether nodes with large degree have large between-
ness for these URNs, this section calculates correlations between betweenness
and indegree and plots them as shown in Fig. 6.
Many complex networks, such as the Internet network (Vzquez and Pastor-
Satorras et al. 2002), show that nodes with large betweenness also have a large
degree, while the worldwide airport network presents anomalous behaviour in
this regard (Guimera and Mossa et al. 2005). As can be seen from Fig. 6 the
correlations between betweenness and indegree are weak, with neither present-
ing highly positive relationships or showing anomalous behaviour, but instead
exhibiting more complex relationships. Anaheim has the highest correlation,
0.62, which means most of the citys nodes are well connected as well as central.
Such relationships are almost non-existent for Austin, Barcelona, Hessen and
Philadelphia, however, as shown by the low correlations (0.01, 0.16, 0.09 and
0.11, respectively). Such correlations may be caused by the distinct commu-
nity characteristics of URNs. In addition, the correlations between outdegree
and betweenness are identical to those between indegree and betweenness, as
shown in Fig. 7.
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Fig. 6 The correlation between normalized indegree and betweenness: (a) Anaheim; (b)
Austin; (c) Barcelona; (d) Berlin; (e) Chicago; (f) Hessen; (g) Philadelphia; (h) Terrassa;
(i) Winnipeg.
Fig. 7 The correlation between normalized outdegree and betweenness: (a) Anaheim; (b)
Austin; (c) Barcelona; (d) Berlin; (e) Chicago; (f) Hessen; (g) Philadelphia; (h) Terrassa;
(i) Winnipeg
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4.2 Degree-clustering coefficient correlation
In order to examine whether the well-connected nodes in these URNs still have
a large clustering coefficient (CC), the correlations between CC and indegree
are calculated and plotted, as shown in Fig. 8. It is not surprising that the
correlations between them are very low, in fact all lower than 0.25, since this is
identical to the analyses of CC. For these URNs, the neighbouring nodes are
less connected with each other. The correlations below confirm this viewpoint.
Fig. 8 The correlation between normalized indegree and clustering coefficient: (a) Anaheim;
(b) Austin; (c) Barcelona; (d) Berlin; (e) Chicago; (f) Hessen; (g) Philadelphia; (h) Terrassa;
(i) Winnipeg
The correlations between CC and outdegree are similar to that between
CC and indegree, and against consistently very poor and lower than 0.25. The
reason why urban road networks with many links have such poor correlations
is that these networks are directional, and that the nodes in urban road net-
works tend to constitute quadrangles rather than triangles, which implies the
neighbouring nodes of a given node are less likely to be connected with each
other. This also explains why the clustering coefficients in these URNs are not
very high.
5 Communities of urban road networks
The previous sections have performed topological analysis, small-worldness
and correlation analysis between some topological indices. Building on these
analyses, this section detects and analyses community structures within these
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Fig. 9 The correlation between normalized outdegree and clustering coefficient: (a) Ana-
heim; (b) Austin; (c) Barcelona; (d) Berlin; (e) Chicago; (f) Hessen; (g) Philadelphia; (h)
Terrassa; (i) Winnipeg
networks in order to explore the topological characteristics of the URNs fur-
ther.
The detection and analysis of the community structures within large-scale
networks has been a focus of research in recent years. The quantitative defi-
nitions of communities within networks are diverse. Fortunato (2010) defined
a community as a groups of nodes which play a similar role or share com-
mon features or properties within those groups. Lancichinetti and Radicchi
et al. (2011) regarded “highly cohesive sub-graphs” of networks as communi-
ties, clusters or modules. In biological and social networks (Fortunato 2010,
Illenberger et al. 2013), community structure is a common feature, and it is
thought of as a division of networks into densely connected subgroups (New-
man and Peixoto 2015). Lancichinetti and Radicchi et al. (2011) proposed that
a community is one pattern of node connections in realistic networks.
Detecting communities has many important applications in reality, such as
identifying clusters of clients based on similar interests and geographical dis-
tance in order to provide better service (Krishnamurthy and Wang 2000), dis-
covering communities of relationship networks between customers and online
retailers so as to provide efficient purchase recommendations and marketing
analyses (Reddy and Kitsuregawa et al. 2002), and identifying clusters in large
networks for data storage (Wu and Huberman 2004). In addition, the commu-
nity structure of a network also offers a better way to understand networked
systems more completely in that it is a powerful visualization tool to present
the representation of networks rather than simply showing all the nodes and
links of the network. In the transport field, in order to make clear the role of
human collective behaviour phenomena across time and space in London trans-
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port, intertwined communities of traffic across the whole city are investigated
by Petri and Expert et al. (2013) to prove that this human spatial system is
able to reach a self-organized critical state. Community detection has therefore
been a hot topic in the modern science of complex systems (Fortunato 2010).
Many methods and algorithms can be used to detect communities in graphs,
such as graph partitioning, hierarchical clustering and spectral clustering (For-
tunato 2010), but they all have limitations in handling edge weights, edge
directions or overlapping communities. In this study, Order Statistics Local
Optimization Method (OSLOM), which is calculated based on the connectiv-
ity of networks and optimizes locally the statistical significance of clusters, is
used to detect the community structure of these URNs. This was first proposed
by Lancichinetti and Radicchi et al. (2011) and is capable of handling direc-
tional and weighted networks, overlapping community structure, hierarchical
structure, pseudo-communities, and so on, due to the fact that OSLOM fo-
cuses on optimizing locally the statistical significance of clusters. The detailed
algorithm can be found in Lancichinetti and Radicchi et al. (2011)’s work.
As a lifeline infrastructure, URNs can be regarded as one type of self-
organized system, which means that they are similar to other systems in nature
to some extent. In order to examine this natural property, community detection
and analyses are conducted, based on the OSLOM method, and the results
are shown in Fig. 10.
The communities of all nine URNs are presented in Fig. 10. The first im-
pression of these communities is that the bigger the URNs the more the com-
plex community structure they have. For example, Austin, Berlin, Chicago and
Philadelphia are the larger networks, and the number of communities for these
URNs are apparently more than those in the smaller networks. In addition, it
seems that these bigger URNs have a significant hierarchical structure, namely,
the bigger clusters consist of several smaller ones. The smaller networks, such
as Anaheim, Terrassa and Winnipeg, meanwhile, present a clearer commu-
nity structure. In addition, some nodes which look like not belonging to any
communities in these URNs are overlapping ones, which suggests that these
nodes are shared by several communities, and the nodes may assist the mutual
communications for these communities, thus these “sharing nodes” may have
great impact on the robustness and vulnerability of the whole network.
The number of hierarchical layers and the number of communities in each
hierarchical layer are presented in Table 6.
Identifying the modules and structure of the hierarchy using the topology
information encoded in the networks is the main purpose of detecting com-
munities (Fortunato 2010). As can be seen from Table 6, larger URNs are
more likely to have more communities and hierarchical layers. For example,
Philadelphia, Berlin and Chicago have 6, 5 and 5 hierarchy layers respectively,
and the number of communities in the lowest layers is 343, 457 and 266 re-
spectively. Anaheim, with just 416 nodes, however, has just two hierarchical
layers and the number of communities at the lowest layer is just 11.
All these URNs consist of many communities, with each community con-
sisting of many individual nodes, and hence the size of communities varies.
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Fig. 10 Schematic graphs of communities for nine urban road networks: a. Anaheim; b.
Austin; C. Barcelona; d. Berlin; e. Chicago; f. Hessen; g. Philadelphia; h. Terrassa; i. Win-
nipeg
Table 6 Structure of hierarchy and communities in each hierarchical layer for nine URNs.
City Nodes Hierarchy layers
Communities in each
hierarchy(from low to high)
Austin 7388 5 151; 46; 13; 7; 5
Chicago 12982 5 266; 81; 22; 7; 2
Philadelphia 13389 6 343; 100; 29; 11; 6; 3
Anaheim 416 2 11; 2
Winnipeg 1052 3 30; 8; 7
Berlin 12981 5 457; 112; 34; 14; 5
Barcelona 1020 3 20; 6; 4
Terrassa 1609 3 27; 5; 3
Hessen 4660 4 104; 25; 8; 5
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To some extent, these communities may follow a certain distribution rule. In
order to identify this point, histograms can be plotted, as shown in Fig. 11.
Fig. 11 Histograms for nine URNs: a. Anaheim; b. Austin; C. Barcelona; d. Berlin; e.
Chicago; f. Hessen; g. Philadelphia; h. Terrassa; i. Winnipeg.
As can be seen from Fig. 11, the larger URNs, such as Austin, Berlin and
Chicago, tend to follow a normal distribution. Among these URNs, the left
side of sub-figures regarding Austin, Berlin and Chicago does not fit well with
normal distribution compared to their right side. The red lines in the graphs
are the normal distribution fitting lines and clearly identify this point. R2,
meanwhile, which is calculated based on the maximum likelihood method,
represents the goodness of the communities of the URNs following normal
distribution. Conversely, those URNs with a smaller size apparently have worse
normal distribution, and it seems that Anaheim and Winnipeg do not follow
any distribution rules due to the fact that these URNs are relatively small
so they are not too many hierarchical layers and communities. Through the
above analysis, a rough conclusion is able to be summarised; that is, the larger
the URNs are the better the normal distribution fitting they have.
The detection of communities for URNs may provide insightful views for
the management and planning of transport within urban areas. For example,
installing detectors or any other electronic facilities based on the distribution of
communities may efficiently collect data such as traffic flows, driver behaviours
and traffic incidents to improve network safety or mitigate traffic congestion.
In addition, identification of “sharing nodes” is helpful for protecting criti-
cal parts of the systems and maintaining robustness of URNs. Furthermore,
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through the detection and analysis to communities and hierarchies of URNs,
we may say that the URNs also tend to follow general nature rules in natu-
ral systems(Casella and Berger 2002), such as a hierarchical structure and a
normal distribution.
6 Conclusions
As technologies related to smart city and cooperative vehicle infrastructure
systems (CVIS) is increasingly prevailing, urban roads and its constituent
urban road networks receive more and more attention. In this context, this
paper has investigated the topological characteristics of a number of URNs for
the first time in terms of purely physical roads. Widely used topology indices
based on complex network theory were used in this paper to explore the topo-
logical characteristics of the nine URNs, small-world analysis and correlation
analysis between some topological indices are conducted, and relatively new
notions such as community detection were also applied to supplement the un-
derstanding of these topological networks. The results can be summarised as
follows:
– The average indegree and average outdegree of these URNs are exactly the
same, and the distribution of indegree and outdegree are very similar, de-
spite the fact that these URNs are directional. In addition, the distributions
of indegree and outdegree for these URNs follow power law, showing that
most of nodes have small indegree and outdegree, which means the URNs
overall are less well connected. Philadelphia is overall less well connected
than the other URNs.
– The clustering coefficients (CC) of the URNs are very low, suggesting the
URNs are less compact in local areas. The average CC of these URNs is
smaller compared to other transport networks.
– Most of the weighted closeness of these URNs also follows an exponential
distribution, and Anaheim and Berlin are the URNs in which most of the
nodes have worse accessibility to other nodes.
– The weighted betweenness centrality (WBC) of all URNs follows a power
law distribution well, and the parameter λ(P (BC ≥ x) ∝ x−λ) for the
distributions is between 0.4 and 0.8.
– APL and diameters are proportional with the size of the URNs, and ef-
ficiency measures are consistent with APL. The results show that Berlin
has the worst efficiency, while Anaheim has the best efficiency in terms of
APL.
– Unlike other networked systems, such as metabolic networks and transport
networks, these URNs do not have significant small-world properties.
These results reveal that URNs have distinctive statistical characteristics
compared to other transport networks, such as the Chinese airport network
(Li and Cai 2004), the Italian airport network (Guida and Maria 2007), the
world-wide air transportation network (Guimera and Mossa et al. 2005) and
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the Boston subway network (Latora and Marchiorib 2002), particularly these
URNs do not have significant small-worldness, which may be caused by the
unique spatial properties of urban roads.
Based on this, the relationships among indegree, outdegree, WBC and CC
have been examined, the results reveal that the correlations between degree,
WBC and CC are not significant; neither highly positive relationships nor
anomalies exist in these URNs.
Following this, community detections for the URNs were conducted using
the OSLOM method, and the results show that the larger the URNs were,
the more communities and hierarchical layers they had. In addition to this,
the distributions of communities at the lowest hierarchical layer for the URNs
tend to fit a normal distribution better if the URNs are larger. These findings
are compatible with common phenomena in natural and social science (Casella
and Berger 2002). The community detection of the URNs will facilitate the
detector installation, data collection and identification of critical parts of cities.
The purpose of this study has been to explore the unique characteristics
of the URNs. This work also helps to prepare the ground for further study of
other important properties of URNs, such as robustness and resilience. The
topological indices shown in this study are usually related to the robustness
of networks due to the fact that some of these measures are able to reflect
the efficiency and functionality of those networks (Albert and Jeong et al.
2000, Holme and Kim et al. 2002, Crucitti and Latora et al. 2003, Crucitti
and Latora et al. 2004), and this feature can be used for the assessment of
robustness and resilience combining the operational data of URNs, such as
the traffic flow and road capacities.
Due to the fact that the data sources related to URNs are very limited, in
this study, the URNs are mainly located in Europe and North America, such
as Chicago, Austin, Berlin and Barcelona. In the future, with data sourced
from other parts of the world, in particular from less developed countries or
regions, it will be possible to expand our comparisons to a wider context.
In particular, it is hypothesized that the diversity in social, economic, cul-
tural and geographical characteristics could manifest itself in the formation of
URNs, and thus may be reflected in the topological features of these URNs.
Future work along these lines may uncover qualitatively different topological
or operational features of URNs from a geographically representative set of
test networks.
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